Abstract The present study investigates the surface water quality of three important tributaries of Jakara Basin, northwestern Nigeria to provide an overview of the relationship and sources of physicochemical and biological parameters. A total of 405 water samples were collected from 27 sampling points and analyzed for 13 parameters: dissolved oxygen (DO), 5-day biochemical oxygen demand (BOD 5 ), chemical oxygen demand (COD), suspended solids (SS), pH, ammonia-nitrogen (NH 3 NL), dissolved solids (DS), total solids (TS), nitrates (NO 3 ), chloride (Cl), phosphates (PO 4 ), Escherichia coli (E. coli) and fecal coliform bacteria (FCB). Pearson's product-moment correlation matrix and principal component analysis (PCA) were used to distinguish the main pollution sources in the basin. Four varimax components were extracted from PCA, which explained 84.86, 83.60, and 78.69 % of the variation in the surface water quality for Jakara, Tsakama, and Gama-Kwari Rivers, respectively. Strong positive loading included BOD 5 , COD, NH 3 NL, E. coli, and FCB with negative loading on DO attribute to a domestic waste water pollution source. One-way ANOVA revealed that there was no significant difference in the mean of the three water bodies (p>0.05). It is therefore recommended that the government should be more effective in controlling the point source of pollution in the area.
Introduction
Surface water is a general term describing any water body that is found flowing or standing on the earth surface, such as streams, rivers, ponds, lakes and reservoirs. Surface water quality describes the physical, chemical, and biological status of the water (Liu et al. 2009 ). It is a universal solvent on earth whose main sources include oceans, rivers, springs, and ground water (Okogbue et al. 2012 ). Surface water is unique systems among the most productive ecosystem and receives inputs of pollutants, as they are often situated in the vicinities of highly populated and industrialized areas (Selvam et al. 2011) . It is a finite resource that is very essential for the human existence, agriculture, and industry. Without any doubt, inadequate quantity and quality of water resources have a serious impact on sustainable development (Taiwo et al. 2010) .
In developing countries, most of which have huge debt burdens, population explosion and rapid urbanization, people have little or no option, but to accept water resources of doubtful quality, due to lack of better alternative sources or due to economical and technological constrains to treat the available water adequately before use (Biney et al. 1994) . The scarcity of clean water has therefore led to a situation in which one fifth of urban dwellers in developing countries and three quarters of their rural counterparts do not have access to reasonably safe water supplies for various activities (Ajiboye et al. 2012) .
Rivers have been a major supply of water for any purpose and provide fertile lands, allowing highly populated residential areas. River's flow is affected by surface run-off, direct precipitation; inter flow, and water table discharge (Yang et al. 2012) . The chemical, physical, and biological composition of these various flow inputs obviously influences the quality of water in river and other surface waters. The quality of a river at any point reflects several major influences, including the lithology of the basin, atmospheric inputs, climatic conditions, and anthropogenic inputs (Gamble and Babbar-Sebens 2012) . Since the sources of river run-off are a combination of surface run-off, rainfall, groundwater, etc., and a river contains seasonal variability features, the water quality of a river is susceptible to pollution and thus, it is essential to construct trustworthy information on water pollution sources and controlling the adverse effects.
There are various ways through which pollutants enter into the surface water: point and non-point sources. The point sources includes waste water effluent from municipal and industrial run-off, and leachate from waste disposal site, run-off from animal feed lots, run-off from mines, oil fields, un-sewerage industrial site, storm sewer outfalls from cities, overflow of combined storm and sanitary sewers, run-off from construction sites, among others. Non-point pollution is a diffused source of pollution, having no definite or specific location where discharge into a body of water. For example, farm field, parking lots, construction sites, and agricultural field. These sources are often difficult to monitor, regulate or treat. The non-point source of water pollution are often intermittent and linked to seasonal agricultural activities, they are derived from extensive area of land and are transported overland, underground, or through the atmosphere to receiving water (Carpenter et al. 1998) . These sources of pollutants may accumulate large quantity of nutrients enrichment and stimulates eutrophication process and bioaccumulation of organic and inorganic compounds. Further, it may result in alteration of tropic interaction among both aquatic flora and fauna . The sources and pathways of urban and agricultural pollutants are given in Table 1 .
In recent years, there has been an increasing amount of literature on the use of principal component analysis and factor analysis (PCA/FA) in pollution sources apportionment. The application of different multivariate statistical tools such as PCA/FA helps in the understanding of surface water pollution sources, allowing the identification of possible factors that influence water chemistry and offer valuable tools for the management of water resources (Simeonov et al. 2003; Singh et al. 2004; Shrestha and Kazama 2007; Juahir et al. 2009; Hanh et al. 2010; Palma et al. 2010; Aris et al. 2012a, b; Cieszynska et al. 2012; Chabukdhara and Nema 2012) . Several researchers used correlation matrix, principal component, and/or factor analysis to identify the relationship of variables and water quality source's apportionment. Kumar and Reddy (2008) studied the relationship of physiochemical parameters in Buckingham canal, India; the study revealed a significant relationship exists between nutrient and organic related variables. Shrestha and Kazama (2007) Huang et al. (2010) and Juahir et al. (2009) studied spatial variability of surface water quality and sources apportionment and classified the studied water bodies into high pollution site (HP), moderate pollution site (MP), and low pollution site (LP). Factor analysis revealed that the pollution levels in the three zones were mainly influenced by natural sources (temperature and river discharge) and anthropogenic source's (industrial, municipal, and agricultural run-off). Onojake et al. (2011) in their studies, they discovered that Rivers in Delta state of Nigeria were heavily polluted as a result of industrial discharge and municipal waste (anthropogenic source of pollution). They used PCA/ FA to identify the latent factors that explain the chemistry of the surface water, PCA/FA yielded three PC's with more Non-urban, agricultural run-off Grazing, plowing, fertilizing, planting, and harvesting and rainfall and irrigation water flush pollutants from crop, pasture, park, range and forest lands through farm drains and rivers, leach pollutants from soils, untreated into water bodies.
• Pesticides • Other agricultural chemicals, e.g., nutrients, salts • Animal wastes/confined animal facilities • Acid drainage from mine sites • Sediment from eroded soils than 82 % variance. Vidal et al. (2000) used PCA/FA for the study of water resources contamination due to the use of livestock slurries as fertilizer, PCA/FA reveled the sampled data was related to dilution of water with strong saline content and redox condition. Equally, PCA/FA was used on the chemical data to distinguish the contribution of natural and anthropogenic sources of ground water pollution in Grombalia Plain in North eastern Tunisia. Three independent factors were extracted and explained 77.86 % of the total variance which reveled in the presence of two groups of waters: mineralization and artificial recharge water type (Tlili-Zrelli et al. 2012) . Brahim et al. 2011 applied PCA/FA with varimax rotation on nine normalized physiochemical variables. The varimax factors obtained showed that groundwater variation is controlled by water-rock interaction processes and anthropogenic influence through domestic water discharge. Moreover, PCA/FA results obtained showed that water quality variations in the semi-arid region of India are mainly controlled by the hydro-geochemical processes (weathering and dissolution) and anthropogenic processes (domestic and agricultural activities). The study concluded that carbonate, silicate weathering, halite dissolution, and ion exchanges are the dominant processes occurring in the study area (Singh et al. 2012) . The chemistry of the ground water from the phreatic aquifer of Ouargla, Algeria was studied by Semar et al. 2012 . PCA/FA with varimax rotation was applied on the datasets with the aim of identifying the relationship between physiochemical parameters and the source of groundwater quality variations. PCA/ FA provides a cumulative variance explained by 67 % with axes controlled by sodium chloride (NaCl), calcium sulfate (CaSO 4 ), bicarbonate (HCO 3 − ), and nitrite (NO 2 − ). Koklu et al. (2010) focused on water quality of Melen River, Turkey; they used PCA/FA and identified factors responsible for the variation in water quality. They concluded that all stations under study were affected by agricultural and industrial pollution due to the intensive agricultural activities through application of fertilizer. Liu et al. (2009) used PCA/FA to detect the latent pollution sources of Songhua River and identified five latent factors: organic, inorganic, petrochemicals, physiochemical, and heavy metals pollution sources; they concluded that Songhua River water quality was mainly controlled by domestic wastewater and industrial effluent.
The present study evaluates the physicochemical and bacteriological parameters of Jakara watershed using PCA/ FA and Pearson's product-moment correlation to identify the pollution status and probable sources of pollution.
Study area description
Jakara Basin lies on longitude 8°45 E and 12°05E, latitude 10°30 N and 13°02 N. It is located at about 481 m (1,580 ft) above mean sea level, covering an area of about 150 km 2 ). The basin is one of the most significant in supporting residential, industrial, and agricultural activities in Kano metropolitan with a population of more than 500,000 inhabitants. The climate of the basin is strongly influenced by the tropical continental and maritime air masses. The two air masses control the climate making it dry and wet type ). The pre-Cambrian rock of the basement complex which comprises of gneisses, amphibolites, marble, and older granite underlies larger part of Nigeria, including 80 % of the Jakara Basin. The climate of the region controls the amount of water that is available both on the surface and at the sub-surface at any given time within a water year. Two major system of crop production have been seen to be practiced within the region. These are rain-fed agriculture and irrigation farming. Farming is done in the city core areas, wedge areas, and corridors out of the city and on the periphery. Urban and peri-urban irrigation provide the populace with vegetables and fruits within the urban environment for household consumption as well as for sell to the rapidly growing population. Different range of crops and fruits are produced, including maize, beans, tomatoes, pumpkins, melon, pepper, cabbage, lettuce, onion, and carrots.
Materials and methods

Sampling and analytical procedure
A total of 405 water samples were collected from various locations along the main river and tributaries. Ten, eight, and nine sampling points were strategically located along Jakara, Tsakama, and Gama-Kwari Rivers, respectively (Fig. 1) . The location of the sampling points was recorded using Garmin global positioning system and water samples were collected every other day from 1st December, 2010 to 31st December, 2010.
Sampling points were selected to represent different land use activities around the study area. Prior to the sampling procedure, the bottles were washed with the distilled water and rinsed three times with the river water three times to avoid possible contamination. The water samples were collected below 15 cm of the subsurface layer to avoid the colloidal layer as this may influence the concentration of certain parameters. Water samples were collected in triplicates to estimates the variability resulting from the sampling and analytical procedures using 200 mL polyethylene bottles and stored in an ice box before transporting to the laboratory. The sample was preserved in a refrigerator at 4°C to avert microbial growth, flocculation, and reduce any adsorption on the polythene bottles. Samples were preserved according to standard methods for the examination of water and waste water (APHA 2005) for subsequent analysis.
Thirteen physiochemical and biological water quality parameters were selected for analysis: this being dissolved oxygen (DO), 5-day biochemical oxygen demand (BOD 5 ), chemical oxygen demand (COD), suspended solids (SS), pH, ammonia-nitrogen (NH 3 NL), dissolved solids (DS), total solids (TS), nitrates (NO 3 ), chloride (Cl), phosphates (PO 4 ), Escherichia coli (E. coli) and fecal coliform bacteria (FCB).
Water temperature, pH, and DO of the river water samples were measured in-situ, using thermo-probe (Model TL1-A), a pre-calibrated microprocessor pH meter (Hanna Instruments, model: pH211) and DO meter (4500-OG) respectively. SS, TS, and DS were separated and measured by gravimetric: filtering the water through a 0.45 μm filter paper and determine according to a standard procedure (APHA 2005) . Cl was determined by argentometric titration methods. NH 3 NL was measured by chemical titration using salicylate test kits method. NO 3 and PO 4 were determined using a molecular absorption spectrophotometer. E. coli and FCB counts were based on multiple tube fermentation techniques (APHA 2005). BOD 5 was measured after 5 days of incubation at 20°C in tightly stoppered BOD bottles in the dark (APHA 2005) . COD measurements were performed by the potassium dichromate method (K 2 CrO 7 ).
In order to provide greater data confidence from the analytical procedure regarding bias and variability, appropriate quality control and quality assurance (QA/QC) on water samples were ensured. The QA/QC was followed to ensure that data products are of documented high quality and reproducible. The overall data quality is assessed through precision, accuracy, and comparability ). The analytical precision was assessed by the use of control chart and blank samples. The same laboratory equipments were used for all samples collected in order to control variability from sampling irregularities.
Pearson product moment correlation analysis
A bivariate correlation analysis produces Pearson's correlation coefficient (r). The correlation coefficient gives a mathematical value for measuring the strength and magnitude of the linear relationship between two bivariates. The value of relationship takes values ranging from −1 to +1, where +1 representing an absolute perfect positive linear relationship (as x increase, y increase). Zero representing no linear relationship between the bivariates (x and y have no pattern), whereas −1 represents an absolute inverse relationship between bivariates (as x increases, y decreases). The sign in front of the correlation coefficient determines the direction of the relationship. A plus sign denotes positive relationship and a minus sign denotes negative correlation. The Pearson correlation coefficient (r) can be calculated using the equation below:
Where r is the correlation coefficient value, x and y are the bivariate.
Principal component analysis and factor analysis PCA/FA are statistical approaches that can be used to analyze interrelationships among a large number of variables and to explain these variables in terms of their common underlying dimension by providing empirical estimates of the structure of variables (Singh et al. 2004 ). The objective of PCA/FA is to reduce the number of variables necessary to describe the observed variation within a datasets. PCA/FA lessens the number of variables understudy and discovers the structure between the variables (Pejman et al. 2009 ). This is achieved by forming linear combinations of the variables (components) that describe the distribution of the data . The linear combinations are derived from some measures of association such as correlation or covariance matrix. PCA converts the original dataset which comprises of measurements for each variable measured for each sample and converts them to an equal number of composite variables (Mustapha and Nabegu 2011; . In order to maximize the relationship between the variables under study, the factors are rotated. Factors rotation is used to facilitate interpretation by providing a simpler factor structure (Sevilla et al. 2010) . Factor rotation has been used to extract related variables and infer the processes that control surface water chemistry. Varimax rotation is applied to the PCs in order to determine factors that can be easily explained (Shrestha and Kazama 2007) . The goal of rotation is to maximize the variance (variability) of the new variable while minimizing the variance around the new variables (Tiri and Boudoukha 2010) . The relevant information is carried out by the first principal component (PCs). PCs are ordered in such a way that the variance of the first PCs (PC1) is the highest; the variance of the second PCs (PC2) is the second highest, and so on, whereas the last PCs is the lowest in explaining variation of the data sets (Chabukdhara and Nema 2012) . PCA can be expressed using the equation below:
where y is the measured variable, f is the factor loading, z is the factor score, e is the residual term accounting for errors or other sources of variation, i and j is the sample number and m is the total number of factors.
One-way analysis of variance
One-way analysis of variance (ANOVA) compares the means of more than two populations and it uncovers the main and interaction effects of classification or independent variables on a dependent variable. ANOVA uses the F statistics, which tests if the means of the groups formed by one or more independent variables or combination of independent variables are significantly different. The F statistics is based on the comparison of two estimates of variance: one representing the variance within a group often refers to as error variance and the other one representing the variance due to differences in a group mean. If the two means do not differ significantly, it can be concluded that group means come from the same sampling distribution of means and there is no reason to claim that the group means differ. However, if the group means differ, there is a reason to believe that they were drawn from different sampling distributions of mean (Gaur and Gaur 2006) . The hypothesis can be tested as follows:
Ho Not all means are equal
The F statistics calculate the ratio between the variance due to difference between group and error variance. The larger the F ratio, the greater is the difference between groups as compared to within-group differences. The equations below give the expression of between-and within-column variation:
The total sum of square (TSS) is based upon the sum of the square deviations between the observations in the table and the overall mean. The between sum of square (BSS) is based upon the square deviations between column means and the overall means, and the within sum of square (WSS) is based upon the squared deviations between the observation and the column means. The F statistics is constructed by dividing each sum of squares by its degree of freedom as in equation below:
An F ratio equal to or less than 1 indicates that there is no significant difference between the groups and the null hypothesis is correct. However, if the F test proves the null hypothesis to be wrong, multiple comparison tests are used to further explore the specific relationships among different groups.
Results and discussion
Relationship between physicochemical and biological parameters of the water Tables 2, 3 , and 4 present the results of the bivariate correlation coefficients for Jakara, Tsakama, and Gama-Kwari Table 2 Pearson product moment correlation coefficient for Jakara River Rivers respectively. The relationship between the 13 parameters understudy was investigated using Pearson's productmoment correlation.
Preliminary analysis was conducted on the raw data before the analysis to ensure no violation of the assumption of normality and linearity. The Levene test of homogeneity of variances results shows that the variances are equal or homogeneous, because the Levene test obtained was very small (0.132), and the corresponding p value was greater than the alpha value (p 0.05).
As depicted in the tables, analysis of correlation coefficients shows inverse relationship for variables describing the oxygen conditions of water and organic compound. The value of correlation coefficients equals −0.59, −0.69, and −0.37 for the pair DO and BOD 5, −0.44, −0.64, and −0.43 for the pair DO and COD, −0.66, −0.75, and −0.66 for the pair DO and NH 3 NL, −0.62, −0.44, and −0.62 for the pair E. coli, and −0.61, 0.52, and 0.59 for the pair DO and FCB in Jakara, Tsakama, and Gama-Kwari Rivers, respectively.
It is not surprising that the inverse relationship exists between BOD 5, COD, NH 3 NL, E. coli, and FCB with DO. Lower level of concentration of DO in the rivers may be due to the activities of microorganism in the water resulting in less penetration of light in the water and subsequent decrease in photosynthesis activities (Pejman et al. 2009; Palma et al. 2010 ). Higher rate of bacterial decomposition of organic matter in the surface water may increase the demand of oxygen for their metabolic activities and these would be expected to have exhibited a significant inverse correlation between the parameters (Kumar and Reddy 2008) . The correlations of organic biodegradable compounds seemed to favor the growth of coliform bacteria. BOD 5, COD, NH 3 NL had long been the basic means of determining the degree of organic pollution in surface water. The COD with BOD 5 correlation can be explained by the fact that BOD 5 represents liable organic matter which undergoes biotic decomposition and is part of COD. COD is a total organic matter content which is oxidized by a strong oxidant (Cieszynska et al. 2012) . The value of a correlation coefficient shows significant linear relationship between BOD 5 and COD (r00.67) as well as other parameters including NH 3 NL (r00.73), PO 4 (r00.63), E. coli (r00 .64), and FCB (r00.66) in the Jakara River. Further, the organic compounds have higher linear correlation in the Tsakama River with BOD 5 and COD (r00.81), BOD 5 and NH 3 NL (r00.89), BOD 5 and PO 4 (r00.90), BOD 5 and E. coli (r0 0.36), BOD 5 and FCB (r00.51). Similarly, Gama-Kwari River revealed a positive linear correlation coefficient between BOD 5 and COD (r00.98), E. coli (r00.41), FCB (r0 0.50), Cl (r00.69), DS (r00.68), and TS (r00.68). These parameters could be taken as representing the major sources of river water quality variation. Many of the correlations can be explained by the organic compound used for domestic activities in the vicinity of the studied rivers. The present finding seems to be consistent with other research which found that urban land type together with the effects of increased population, domestic water use, and industrial wastewater were positively associated with increase in water quality variations (Singh et al. 2004; . Large amount of biodegradable organic compound may affect surface water because organism in the water use the available DO to breakdown the waste. This process can deplete the supply of oxygen in the water needed by aquatic life resulting in fish kill, odors, and overall degradation of the water quality (Carpenter et al. 1998) . Surface water quality sources apportionment using principal component analysis and factor analysis River water source apportionment is an important environmentrics approach aiming to the estimation of contribution of each parameter (Simeonov et al. 2003; Singh et al. 2004; Shrestha and Kazama 2007) . PCA/FA assumes that the total from each element is made up of the sum of elemental concentrations from each identified polluting or natural cause component (Juahir et al. 2009 ). To obtain more reliable information about the relationships among the variables, PCA/FA was used separately for each river to further explore the extent of physiochemical and biological parameters and sources identification. Varimax rotation method was used to maximize the sum of the variance of the factor coefficient, which better explained the possible group/sources that influenced the water chemistry in the Jakara Basin (Singh et al. 2004 ). The factor loadings were ranked following the correlation coefficient matrix between the variables. The calculated factor loadings, cumulated variance explained by each factor in the PCA are presented in Tables 5,  6 , and 7.
Preliminary analysis prior to factor analysis were conducted to ensure that no violation of the assumptions of Kaiser-Meyer-Olkin (KMO) measure on the sampling adequacy and Bartlett test of sphericity. The KMO result was 0.82, and the Bartlett sphericity test was significant (0.001, p<0.05), showing that PCA/FA could be considered appropriate and useful to provide significant reduction in the data dimensionality (Liu, et al. 2003; ). Four factors with eigenvalues greater than 1 were extracted from the varimax-rotated factor analysis for each river water data. Factor score represent the cumulative contribution of all parameters loaded on a particular factor.
The first varimax component (VF1) in the Jakara River water sets explains more than 42 % of the total variance and is heavily loaded on NH 3 NL, E. coli, (Fig. 2a-c) .
These results provide evidence of critical anthropogenic impacts on the studied rivers, it is a factor represented by oxide related processes Sewage contamination from domestic areas is traditionally identified by biodegradable organic matter, ammonia or counts of fecal bacteria as tracers for waste water in the water column (Martin et al. 2012) . When organic matter of river water is oxidized at the expense of oxygen, the NH 3 NL, E. coli, FCB, PO 4 , BOD 5 , NO 3 , COD will increase with decreasing DO (Onojake et al. 2011; ). This factor can be interpreted as an anthropogenic factor of the overall measure of the sewage discharge, which includes pollution contributions from a domestic waste discharge through a point source.
VF2 explains 22.9 and 20.2 % for Jakara and Tsakama Rivers, respectively, had positive strong loading on TS, DS, and Cl. This varimax component can be linked to surface run-off that may be carried from nonpoint source of pollution into the rivers during a rainy season (Hanh et al. 2010; Calijuri et al. 2011 ). The linear relationship between these solids could have been the result of run-off and erosive processes taking place in the vicinity of these rivers. The surface run-off in the Jakara Basin appeared to be triggered by aspects of urbanization processes that enhance transport of particles into the water bodies (Calijuri et al. 2011) VF3 explains 11, 10.9, and 12.9 % and had strong positive loading on pH, and E. coli, FCB and PO 4 , NH 3 NL for Jakara, Tsakama, and Gama-Kwari Rivers, respectively. These components confirmed the pressure of anthropogenic influences on the water bodies and therefore appear to be related to the contribution by diffuse pollution from agricultural irrigation activities in the vicinity of the Jakara Basin.
VF4 explained 8.6, 8.4, and 8.7 % of the total variance for Jakara, Tsakama, and Gama-Kwari Rivers respectively. It had positive strong loading on pH and SS in all the studied Rivers. This component can be considered an ecological response. This component represents a feedback effect, i.e. response to some changes introduced in the system by natural factors or a contamination sources.
BOD 5 , COD, NH 3 NL, PO 4 , E. coli, FCB, and DO with strong factor loading are the most important parameters responsible for water quality variation in Jakara, Tsakama and Gama-Kwari Rivers. The distribution of the pollutants were given in Fig. 3 and interpreted as suggested by Liu et al. 2003 as high, moderate, and low corresponding to >50, 0.51-0.74, and 0.75 and above factor loading. Figure 3 showed high concentration of BOD 5, NH 3 NL, COD, PO 4 with low concentration of E. coli, FCB and DO in Tsakama River, high distribution of NH 3 NL, E. coli, FCB, PO 4 , with moderate concentration of BOD 5 , COD and a low concentration of DO in River Jakara and high concentration of BOD 5, NH 3 NL, COD with low distribution of E. coli, FCB, DO, and PO 4 in Gama-Kwari River.
River water quality mean differences A one-way between-groups analysis of variance was performed to investigate water quality mean differences obtained from Jakara, Tsakama, and Gama-Kwari Rivers. The mean score obtained from the three rivers are depicted in Fig. 4 . The null hypothesis states that there are no differences in the mean samples of river water quality between the three rivers under study. Preliminary assumption testing was conducted to check for normality and homogeneity of variance with no violation noted. The ANOVA test (Table 8) revealed that there was no statistically significant different in the mean between Jakara, Tsakama, and Gama-Kwari Rivers (F 01.563, p00.223). This result failed to reject the null hypothesis and revealed that all the three rivers are having the same pollution status. This confirmed the correlation analysis results and the linear combination of BOD 5 , COD, NH 3 NL, FCB, and E. coli in all the studied water bodies.
Conclusions
In this study, surface water quality of Jakara, Tsakama, and Gama-Kwari Rivers were investigated, and combination of statistical techniques were used including bivariate correlation, principal component analysis (PCA) and one-way analysis of variance (ANOVA). Results from the bivariate correlation showed that the relationship among the variables understudy were helpful to identify the surface water quality pollution sources using PCA/FA. The PCA/FA of the studied water bodies revealed four independent varimax components in each river water quality data sets explaining 84.88, 83.59, and 78.68 % of the variation in the surface water quality for Jakara, Tsakama, and GamaKwari Rivers respectively. These components are related to organic compound from the anthropogenic influences through direct dumping of waste water into the surface water. The component which mostly explained the variation in the data set had the strongest positive contribution of BOD 5 , COD, NH 3 NL, PO 4 , E. coli, FCB and a negative loading on the available DO. The direct discharge of domestic effluents and the carrying of surface run-off from the metropolitan are factors linked to the urban expansion and population growth which promotes the degradation of the water bodies. The result form the ANOVA showed that all the three rivers had the same pollution status. The study recommended that the implementation of a system for sewage collection and treatment before disposal, as well as structural and nonstructural measures which will decrease surface runoff are examples of interventions to recuperate and preserve the quality of the surface water resources in the Jakara Basin. Fig. 4 Mean difference between Jakara, Tsakama, and Gama-Kwari Rivers 
